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Risks from weather and climate extremes to governments, industries and communities are increasing and, at
present, are not well quantiﬁed. In the presence of climate variability and long-term change, it may not be
appropriate to base an assessment of the likelihood of climate hazards on the long-term averages. Many weather
and climate extremes have increased in frequency and/or intensity in recent decades with climate model
projections showing that several trends are likely to continue. The analysis of historical records is
complementary to the use of climate models in understanding the changing nature of extremes.
In this study, we apply a consistent methodology to examine the modulation in the probability of extremes in
temperature and rainfall as they are inﬂuenced by climate change over the past century and natural climate
variability and present summary tables and charts for a comprehensive comparison. The daily temperature data
– maximum (Tmax) and minimum (Tmin) air temperature – are from a ‘high-quality’ dataset developed at the
Australian Bureau of Meteorology – the Australian Climate Observations Reference Network (ACORN) Surface
Air Temperature (SAT) dataset. In the absence of a comparable dataset for daily rainfall, we analysed rainfall
data at ACORN-SAT locations. Our analyses of extremes are based on annual maxima (annual minima for
Tmin) of daily time series from 58 Australian sites over the period 1910–2009.
We found statistically signiﬁcant long-term increases in extreme maximum temperatures but with marked
regional and seasonal variations. The increase in the lowest minimum temperature extremes typically exceeds
the increase in the extremes of maximum temperature. Daily precipitation extremes rarely exhibit long-term
change over the century but are strongly modulated by the El Niño Southern Oscillation (ENSO). The relative
importance of long-term change and climate variability therefore depends on the variable or index.
We conclude that in assessing the likelihood of climate hazards, one needs to consider the modulation of
climate extremes due to both long-term change and climate variability. Our ﬁndings imply that when planning
for adaptation, diﬀerent emphasis needs to be given to changing temperature and precipitation extremes.
1. Introduction
Globally many weather and climate extremes have increased in
frequency and/or intensity in recent decades with climate model
projections showing that several trends are likely to continue. It is
very likely that the number of warm days and nights has increased and
models project substantial warming in temperature extremes by the
end of the 21st century (IPCC, 2012). There have been statistically
signiﬁcant trends in precipitation extremes for some regions of the
globe but there are strong regional variations in these trends. However,
there is less conﬁdence in the projected changes in precipitation
extremes. The analysis of historical records is complementary to the
use of climate models (Stephens et al., 2010) in understanding the
changing nature of extremes. Historical data are important to address
known shortcomings in models; especially projections at regional and
smaller scales, for precipitation and for extremes.
Risks from weather and climate extremes to governments, indus-
tries and communities are increasing and, at present, are not well
quantiﬁed. The National Emergency Risk Assessment Guidelines
(2010) for Australia sets out how to derive the risk rating for a
particular hazard. This approach requires a consequence rating and a
likelihood rating. In the presence of climate variability and long-term
change, it may not be appropriate to base an assessment of the
likelihood of climate hazards on the long-term averages. But for the
design of infrastructure with long life spans it becomes important to
assess the likelihood of failure of a structure throughout its lifetime.
In this study, we examine the probability of extremes in tempera-
ture and rainfall as they are inﬂuenced by (a) the climate change over
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the past century and (b) natural climate variability. Major drivers for
the Australian climate (Risbey et al., 2009) are the El Niño Southern
Oscillation (ENSO), the Indian Ocean Dipole (IOD), the Southern
Annular Mode (SAM) and – on longer time scales – the Interdecadal
Oscillation (IPO). ENSO is the dominant driver. However, the impact
of ENSO can be strongly modulated by the IOD (Meyers et al., 2007).
Our analyses will therefore focus on the eﬀects of ENSO but for
completeness we will also brieﬂy present results from our analysis of
the eﬀects of the IOD, highlighting similarities and diﬀerences between
the eﬀects of both climate drivers.
There is much literature that examines the relationships between
mean state climate variability and phenomena. However, less is known
about the inﬂuence of major climate drivers on extremes. Our analyses
of extremes are based on annual maxima of daily time series,
corresponding to about the 99.7th percentile, as shown in Fig. 1. In
this study the focus was on highlighting contrasts in observed
variability and long-term change for Australian temperature and
precipitation extremes respectively. Our ﬁndings imply that diﬀerent
emphasis needs to be given when planning for adaptation to tempera-
ture and precipitation extremes.
The motivation behind this paper is to communicate our results to
decision-makers. We have therefore developed ﬁgures to synthesise
and visualise our results, and to contrast the changes related to
variability and long-term change on the one hand and temperature
and precipitation on the other.
2. Data
2.1. Temperature data
The daily temperature data – maximum (Tmax) and minimum
(Tmin) air temperature – used here are from a ‘high-quality’ dataset
developed at the Australian Bureau of Meteorology – the Australian
Climate Observations Reference Network (ACORN) Surface Air
Fig. 1. Illustrating rainfall extremes for Sydney Observatory Hill (1910–2009). The grey
bars in the background are the histogram for daily rainfall totals (above 0.5 mm). The
curve indicates the associated (smoothed) density plot. The solid vertical lines indicate
the range of the annual maxima and the dashed vertical line indicates the 99th percentile.
Table 1
Range of AEP values used and corresponding ARI values.
AEP (%) ARI (years)
50 1.44
10 9.49
5 19.5
1 100
Fig. 2. The spatial distribution of extreme high maximum temperature (top left), extreme low temperature (top right) and extreme daily precipitation (bottom) for Annual Exceedance
Probability (AEP) 50%. The location of three sites used to illustrate typical changes in extremes (Darwin, Gayndah and Bathurst) is shown in the bottom left panel.
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Temperature (SAT) dataset. The techniques underlying the develop-
ment of this dataset can be found in Trewin (2012).
The work of Trewin (2012) was largely geared towards identifying
and removing artefacts – such as a relocation of an observation site
from the post oﬃce in a town centre out to the local airport. Such a site
move could introduce a systematic bias in the data that would aﬀect
later analyses. Due to a lack of nearby comparison sites (especially for
coastal locations) it was not always possible to derive adjustments to
correct for such site moves. Where no suitable adjustment could be
deﬁned to adjust such artefacts, the site was not included in the high-
quality dataset. Due to the nature of the planned analyses, we required
about 100 years of data and therefore considered only records that
started in 1910. Table B.1 in the appendix lists the 58 sites from the
high-quality dataset that were used for the analyses presented in this
paper.
2.2. Daily rainfall
While there has been a lot of work undertaken to develop the high-
quality temperature dataset used in this paper (ACORN-SAT), this is
not the case for the rainfall data. However, the detailed assessments of
the temperature data provided important guidance on which stations to
include in the analysis of rainfall extremes. Following the development
of the high-quality temperature dataset, analyses were undertaken that
indicated very good agreement between long-term changes in
Australian temperature based on the original and the ﬁnal high-quality
temperature dataset. Based on this assessment, our results from the
analyses of daily rainfall extremes will provide information about the
big picture even though details may change once analyses can be
undertaken based on a daily rainfall dataset that has undergone a
process similar to that undertaken to develop the ACORN-SAT dataset.
3. Analysis
3.1. Existing studies
There is a large volume of literature describing studies of Australian
temperature and rainfall extremes based on high-quality station or
gridded data.
Previous studies that investigated temperature extremes based on
high-quality station data include Collins et al. (2000) who analysed
high-quality temperature data for 88 stations using a set of 26 hot and
cold indices for the period 1957–1996. Alexander et al. (2007) studied
the correlation between trends in mean and extremes based on indices
for annual and seasonal extremes of temperature and precipitation.
They found greater trends in extremes than means for most stations in
Australia. The most extreme values assessed were the 90th percentile
for temperature (based on the period 1957–2005) and the 99th
percentile for precipitation (based on the period 1951–2003). Trewin
and Vermont (2010) analysed the frequency of record temperatures for
the period 1957–2009 based on high-quality station data set and state/
territory based area-averages.
A number of studies that have assessed changes in Australian
rainfall. Gallant et al. (2007) provide an overview. Previous studies that
investigated rainfall extremes from high-quality data include Haylock
and Nicholls (2000) who assessed trends in extreme rainfall indices at
91 high-quality rainfall stations for the period 1910–1998. The
emphasis for these analyses was on trends and the authors studied a
number of extremes above a threshold (e.g. 95th percentile of wet days)
including the intensity of events above a given threshold. Gallant et al.
(2007) investigated trends in rainfall indices for six regions for the
period 1910–2005, mean annual and seasonal, extremes 95th and 99th
percentile. Westra and Sisson (2011) analysed annual maximum
subdaily data at 30 stations for the period 1965–2005 and found
statistically signiﬁcant increase at short durations but decrease at long
durations for some locations.
Studies undertaken to asssess the eﬀect of ENSO on temperature
and precipitation extremes in Australia include Arblaster and
Alexander (2012). They found that the 5th percentile of hottest daily
temperatures is about 2 °C colder during La Niña than under El Niño.
Using gridded data from the Australian Water Availability Project
(AWAP), King et al. (2013a) found that for the eﬀect of ENSO on
rainfall extremes (maximum 5-d rainfall), the strength of La Niña is
more important than the strength of El Niño. They also identiﬁed a
decadal variability in this relationship due to the Interdecadal Paciﬁc
Oscillation (IPO). King et al. (2014) analysed the eﬀect of ENSO on
monthly rainfall totals and on monthly maximum 5-d rainfall accu-
mulations based on AWAP data, identifying the strongest eﬀects of
ENSO on warm season precipitation. The Interdecadal Paciﬁc
Oscillation (IPO) modulates the frequency and strength of ENSO
events, and therefore ﬂood risk. Kiem et al. (2003) found that the 1
in 100 year ﬂood was almost ﬁve times more likely to occur during the
negative phase of the IPO than on average.
The analysis of temperature data in this paper is based on the
ACORN-SAT dataset. This dataset has previously been analysed.
Fawcett et al. (2012) analysed maximum, minimum and mean
temperatures for the period 1911–2010 to assess the sensitivity of
temperature trends and variability to analysis methods and observation
networks. They identiﬁed little change in annual temperatures over the
ﬁrst ﬁfty years (1911–1960) followed by an increased warming in the
following ﬁfty years (1961–2010). Based on analysis of extreme low
minimum temperatures (below 5th percentile) it was found that ‘areas
Table 2
Differences in quantile estimates from an earlier to a later period ('LT Change') and between El Niño and La Niña years (‘ENSO’). A Wilcoxon test was applied to check the significance of
differences. Where the average difference is statistically significantly different from zero at the 5% level, this is marked using bold font.
TMAX TMIN RAIN
AEP 50% 10% 5% 1% AEP 50% 10% 5% 1% AEP 50% 10% 5% 1%
LT Change
DJF 0.22 0.08 0.03 −0.08 0.72 0.86 0.94 1.19 0 3 5 10
MAM 0.25 0.12 0.01 −0.25 0.79 0.78 0.74 0.6 −1 −1 −1 1
JJA 0.31 0.5 0.59 0.86 0.57 0.52 0.49 0.43 −5 −4 −3 1
SON 0.27 0.52 0.66 0.97 0.55 0.62 0.69 0.86 5 4 4 5
YEAR 0.29 0.23 0.17 0 0.58 0.54 0.52 0.49 0 2 2 3
ENSO
DJF 0.93 0.41 0.22 −0.16 0.09 0.34 0.5 0.99 −14 −13 −13 −9
MAM −0.24 −0.45 −0.53 −0.66 −0.26 −0.23 −0.26 −0.39 −16 −10 −6 6
JJA 0.36 0.43 0.49 0.69 −0.27 −0.26 −0.27 −0.28 −21 −14 −12 −3
SON 1.48 1.42 1.39 1.28 −0.5 −0.58 −0.53 −0.34 −27 −20 −17 −9
ENSO Year 0.89 0.39 0.17 −0.31 −0.29 −0.27 −0.27 −0.27 −14 −9 −7 0
D. Jakob, D. Walland Weather and Climate Extremes xx (xxxx) xxxx–xxxx
3
with exceptionally low temperatures are becoming increasingly rare’.
Wang et al. (2013) assessed changes in extreme maximum and
minimum temperatures. Their analysis was based on estimates from
stationary and non-stationary Generalised Extreme Value (GEV) dis-
tributions for a 20-year return period. The authors describe their
approach as a ‘GEV tree’: trials were conducted, and in each case a
more complex model was selected only if it provided a signiﬁcantly
better ﬁt than the simpler model. The authors state that ‘changes
inferred from the GEV tree approach are generally consistent with …
changes inferred from the stationary GEV ﬁts to data’. Our aim is to
communicate our results to decision-makers. We have therefore
adopted a statistically simpler approach.
We are extending previous analyses in multiple ways: by assessing
not only long-term change and variability in temperature but also daily
rainfall; by exploring seasonal changes and also by considering how
climate variability modulates the incidence of extremes through the
eﬀect of ENSO. We are applying a consistent methodology to each and
have developed plots to synthesise and visualise our results and to
contrast the changes related to variability and long-term change on the
one hand and temperature and precipitation on the other. In particular,
three examples illustrate typical long-term change and variability in
extremes of Australian temperature and precipitation (Appendix A).
Unlike Wang et al. (2013) and Fawcett et al. (2012) we are
providing information in terms of Annual Exceedance Probability
(AEP) because this is the preferred way for risk assessments in
Australia (National Emergency Management Committee, 2010). For
the analysis, we consider AEP 50%, 10%, 5% and 1%, These choices are
equivalent to the 50th, 90th, 95th and 99th percentile used in other
work on trends in temperature and precipitation extremes (Choi et al.,
2009). Our motivation prescribes to some extent the techniques used
for the study, including the use of frequency distributions, but it also
narrows down the choice of techniques best suited for the assessment
of long-term change and variability.
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Fig. 3. Diﬀerences in quantile estimates from an earlier to a later period for Tmax. Positive values indicate an increase from the earlier to the later period. Boxplots summarise the
results for four AEP (50%, 10%, 5% and 1%). A pale yellow background indicates the average quantile diﬀerence is signﬁcantly diﬀerent from zero.
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3.2. Deriving estimates of changes in extremes
Given the impact of extremes, it is well worth studying these
separately from more frequently occurring temperatures and rainfall
accumulations. Techniques to describe these extremes include the use
of indices, such as the set of 27 indices compiled by the Expert Team on
Climate Change Detection and Indices (ETCCDI, Zhang et al., 2011)
and the use of percentiles.
For the analysis of rare extremes the concepts of Extreme Value
Theory (EVT) apply. Following the extraction of extremes (e.g. the
highest value in a year, the annual maximum series) a statistical
distribution can be ﬁtted. These techniques facilitate a degree of
extrapolation to events of low annual exceedance probability (AEP).
The annual exceedance probability (AEP) is the probability that an
extreme of a given magnitude will be exceeded in any one year. This
probability is usually expressed in percent or as ‘1 in x’. More extreme
events occur less frequently and therefore have a lower annual
exceedance probability.
Quantile estimates can be derived both on the basis of percentiles
and through extreme value theory. Let's assume a sample has been
sorted in ascending order. The value for which 25% of values are larger
than the selected value is the 25th percentile, also referred to as the
ﬁrst quartile. More generally, quantiles are derived from the inverse of
the cumulative density function (CDF).
For the analyses of maximum temperature and daily precipitation,
we extracted annual maximum series and ﬁtted a Generalised Extreme
Value (GEV) distribution using an L-moment approach (Hosking and
Wallis, 1997). For the minimum temperature, we derived series of
annual minima. Following Coles (2001), we inverted the sign of the
values and then applied the same techniques as for ﬁtting the GEV to
annual maxima.
3.3. Analysis of long-term change
Recent WMO guidelines (Klein Tank et al., 2009) state that for rare
extremes ‘information on changes and non-stationarity can be
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Fig. 4. As Fig. 3 but for the eﬀect of ENSO. Positive values indicate higher quantile estimates under El Niño.
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obtained using extreme value theory. One can either calculate the
extreme quantiles for diﬀerent periods of time (both in the past and
future) assuming that non-stationarity within the time periods is
suﬃciently small, or use more advanced methods in which the
parameters in the statistical models vary over time to describe the
temporal evolution of the extremes’.
We analysed long-term changes in extremes by comparing average
quantile estimates for two 50-year periods (1910–1959 and 1960–
2009). The results characterise the change from an earlier to a later
period. For simplicity and to contrast them with variability, the results
from these analyses are in the following referred to as ‘long-term
change’ or ‘direction of change’. To explore the eﬀect of ENSO, we
contrasted 24 El Niño events with 24 La Niña events. While there are
other large-scale circulation patterns that signiﬁcantly aﬀect tempera-
ture and precipitation extremes over Australia – like the Indian Ocean
Dipole – we focus our analysis on ENSO because it has the strongest
inﬂuence (Risbey et al., 2009). The analysis was based on 58 sites with
suﬃciently long records. For precipitation one of these sites (Nhill) had
to be excluded because of missing data, despite the record being of
suﬃcient length.
Fig. 5. Diﬀerences in AEP 50% estimates for Tmax, Top: long-term change; red shades
indicate increase Bottom: Eﬀect of ENSO; red shades indicate higher Tmax under El
Niño.
Fig. 6. Diﬀerence in quantile estimates between an earlier and a later period for Tmax
for autumn (top) and winter (bottom) for AEP 1% (ARI 100 years). Red shades denote
increase in quantile estimates from the earlier to the later period.
Fig. 7. Diﬀerences in quantile estimates for Tmax between El Niño and La Niña years for
AEP 50% (ARI 1.44 years). Red indicates higher quantile estimates under El Niño. Top:
winter, middle: spring, bottom: summer.
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3.4. Deﬁnition of ENSO years
Fundamentally, ENSO events can be deﬁned using two diﬀerent
approaches: objectively, using an index or a combination of indices; or
subjectively by post-event analysis. We undertook comparisons be-
tween an objective threshold-based criterion to classify El Niño and La
Niña events (using a threshold of ± 5 for the average SOI) and a
subjective case-by-case classiﬁcation based on the impact of an event as
well as SOI and SST anomalies. We found overall very close agreement
between the years identiﬁed as El Niño and La Niña years. These years
are listed in Table B.2 in the Appendix. Here we want to assess the
eﬀect of ENSO on temperature and precipitation extremes, so we
decided to use the classiﬁcation based on a subjective post-event
analysis.
3.5. Deﬁnition of seasons
We used the mid-latitude deﬁnition of four seasons, i.e. December,
January, February for the austral summer etc. For the monsoon region,
we could have deﬁned a wet season (November to March) and a dry
season. Because we wanted to explore changes for the whole continent,
we only considered 3-month seasons. The summer season is counted
towards the year in which the season starts.
To study the eﬀect of ENSO, we aimed to centre a 12-month
window to match the maximum eﬀect of El Niño/La Niña while at the
same time aiming to fully include the 3-month seasons within an El
Niño/La Niña event. On average, events develop during autumn of the
ﬁrst year and dissipate during autumn of the following year. But as can
be seen from Table B.2, in 3 (11) cases an El Niño (La Niña) event is
followed by another El Niño (La Niña) event and in 4 (7) cases an El
Niño (La Niña) event is followed by the opposite ENSO phase. This
makes it diﬃcult to deﬁne a general rule on how to treat the autumn
season for the purpose of our analyses. We therefore assessed the
sensitivity of our analyses to the deﬁnition of the ENSO year. The
results show very good agreement regardless of which of the deﬁnitions
is chosen. ‘ENSO year’ in the following refers to the period from the
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Fig. 8. Diﬀerences in quantile estimates from an earlier to a later period for Tmin. Positive values indicate an increase from the earlier to the later period. Boxplots summarise the
results for four AEP (50%, 10%, 5% and 1%). A pale yellow backgroud indicates the average quantile diﬀerence is signiﬁcantly diﬀerent from zero.
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beginning of March to the end of February of the following year.
Analyses of long-term changes are based on seasons and the calendar
year while the eﬀect of ENSO on extremes is analysed for seasons and
the ENSO year. While we are presenting the results of the ENSO
analyses for autumn in Table 2, we will not discuss these results
because they could be associated with an event either establishing itself
or persisting for a second year.
3.6. Deriving and comparing quantile estimates
The probability of an extreme to equal or exceed a given threshold
is often provided in terms of Average Recurrence Intervals (the average
or expected value of periods between exceedances, also referred to as
‘return period’) or Annual Exceedance Probability (the exceedance
probability in any one year). The latter is preferred for risk assess-
ments. Overall, the uncertainty in quantile estimates is largest for the
lowest AEP. Estimates were derived for AEP 50%, 10%, 5% and 1%.
AEP can be converted to average recurrence intervals, ARI (Langbein,
1949). The corresponding values are shown in Table 1. Following
Extreme Value Theory, frequency distributions can be ﬁtted to series of
extremes and to derive quantile estimates. If certain assumptions are
fulﬁlled (long records, same underlying distribution) then the GEV can
be expected to provide an acceptable ﬁt to series of annual maxima.
Goodness-of-ﬁt measures can be used to assess the ﬁt on a case-by-case
basis (Hosking and Wallis, 1997). We also inspected the ﬁt of
distributions against the observed annual maxima and generally found
the GEV suitable.
For the maximum and minimum temperature, absolute diﬀerences
in quantile estimates were calculated as
Q Change Q Q∆ ( )= (1960 − 2009)− (1910 − 1959)AEP AEP AEP (1)
Q ENSO Q ElNi oyears Q LaNi ayears∆ ( )= ( ñ )− ( ñ )AEP AEP AEP (2)
So that positive values indicate an increase over time, and higher
values under El Niño compared to La Niña.
The range of precipitation extremes is far larger than for tempera-
ture and therefore relative diﬀerences were calculated instead of
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Fig. 9. As Fig. 8 but for the eﬀect of ENSO. Positive values indicate higher quantile estimates under El Niño.
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absolute diﬀerences, implying a scaling factor depending on location:
Q Change Q Q
Q
∆ ( )= (1960 − 2009) − (1910 − 1959)
(1910 − 1959)
100%AEP AEP AEP
AEP
(3)
Q ENSO Q ElNi oyears Q LaNi ayears
Q LaNi ayears
∆ ( )= ( ñ ) − ( ñ )
( ñ )
100%AEP AEP AEP
AEP (4)
3.7. Extremes and their spatial distribution
Before delving deeper to discuss long-term changes and variability
in temperature and rainfall extremes, we want to provide some context
by discussing the spatial patterns for the three variables considered for
an Annual Exceedance Probability (AEP) of 50% (Fig. 2).
Blue shades are used to denote lower values of temperature and
rainfall, warmer shades (yellow to red) denote higher temperatures and
precipitation. The spatial pattern of extreme high maximum tempera-
tures clearly shows blue shades (lower extreme Tmax) in a number of
coastal locations indicating the eﬀects of exposure to sea breezes. The
extreme low minimum temperatures exhibit a strong north-south
gradient, with typically higher Tmin in the north of the continent.
The spatial pattern of daily rainfall extremes (with an AEP 50%) follows
very much the pattern of annual rainfall totals.
4. Results
As suggested in Fig. 2 there is a great deal of regional variability in
the “frequent extremes” climatologically. There is also marked regional
variability in the extremes that occur as a result of major climate
drivers. The volume of results dictates that it is not possible to show
every map. Thus we present the average diﬀerences for quantile
estimates for the four annual exceedance probabilities for the long-
term change ‘LT Change’ and ‘ENSO’ experiments (summarised in
Table 2, which presents averages over all stations across the country).
Where there are particularly interesting regionally speciﬁc results we
shall also present these separately. In the following, we will discuss the
ﬁndings for each of the three variables separately.
4.1. Variability and long-term change in Tmax
The following analysis into variability and long-term change in
extreme high maximum temperatures is based on 58 sites from the
ACORN-SAT dataset (Table B.1). Long-term changes are assessed by
comparing two 50-year periods. To analyse the relationship between
ENSO and extreme maximum temperatures, we are analysing 24 El
Niño and 24 La Niña events (Table A2). The seasonal and annual
changes summarised in Table 2 are illustrated using boxplots (Fig. 3 for
long-term changes and Fig. 4 for the eﬀect of ENSO). The box itself
indicates the upper and lower quartile (50% of data fall within this
range). The whiskers span 95% of data and data outside this range are
shown as empty circles. The horizontal black lines indicate the median
diﬀerence (in °C) and ﬁlled black circles indicate the mean. Yellow
shading highlights changes that are judged statistically signiﬁcant at
the 5% signiﬁcance level (bold font in Table 2). Estimating the lowest
AEP (1%) requires a higher degree of extrapolation compared to the
highest AEP (50%). The diﬀerences in quantile estimates for the lowest
AEP are therefore less certain.
Across the year as a whole, the eﬀect of ENSO on extreme high
maximum temperature is typically stronger than the observed long-
term change (bottom-centre panels in Figs. 3 and 4). Considering the
geographical patterns of these changes (Fig. 5), it becomes apparent
that this is mainly due to higher extreme Tmax under El Niño
conditions for locations in the eastern parts of Australia.
Based on the analysis of all 58 sites across Australia, signiﬁcant
long-term increase in the highest maximum temperatures is found
particularly for winter and spring (across all four AEP). For winter, in
the lowest AEP analysed (1%), the vast majority of locations exhibit an
increase in Tmax (Fig. 6) with the exception of a number of sites along
the east and west coast. For summer and autumn, long-term changes
are (with one exception: autumn, AEP 50%) not judged statistically
signiﬁcant. On closer inspection, this is a story of two halves. We
deﬁned two regions based on the major seasonal rainfall zones of
Australia (http://www.bom.gov.au/jsp/ncc/climate_averages/climate-
classiﬁcations/index.jsp?maptype=seasgrpb#maps): (a) a region with
wet summer or summer dominated rainfall regimes and (b) a region
with uniform or winter rainfall and arid conditions (Table 4). While the
22 sites located in the north of the continent (with wet summer or
summer dominated regimes or arid conditions) exhibit a predominant
decrease in extreme Tmax for summer and autumn, the 36 sites further
south (with uniform or winter rainfall regimes) typically exhibit an
increase in extreme Tmax. Increasing temperature extremes in the
warmest months is obviously a more immediate concern than in cooler
months. The warmer extremes in summer and autumn maximum
temperatures in southern Australia in the latter half of the century is
concerning from a human health point of view but also has possible
implications around severe bushﬁre weather, energy consumption on
extreme heat days and a range of other issues sensitive to extremes in
temperature.
Our ﬁndings indicate that it is important to consider regional
variations in changes of temperature extremes in the context of rainfall
climate. More detailed regional analyses reveal that there is typically a
signiﬁcant increase in extreme Tmax for sites in the south across
seasons and AEP. There are some apparent parallels to ﬁndings for
European conditions. The IPCC (Kovats et al., 2014) states: ‘Observed
climate trends and future climate projections show regionally varying
changes in temperature and rainfall in Europe … with projected
increases in temperature throughout Europe and increasing precipita-
tion in Northern Europe and decreasing precipitation in Southern
Europe.’.
Fig. 10. Diﬀerences in AEP 50% estimates for Tmin. Top: long-term trend; red shades
indicate increase. Bottom: Eﬀect of ENSO; blue shades indicate lower Tmin under El
Niño.
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The highest maximum temperatures occur under El Niño rather
than La Niña conditions. This is with the notable exception of autumn,
for this season extreme maximum temperatures are typically lower
under El Niño conditions (Table 4). On the other hand the increase in
extreme maximum temperatures is strongest for spring (Fig. 7). The
strength of the eﬀect of ENSO on extreme maximum temperatures
depends on season and rainfall climate: in spring the increase is
stronger for sites in the South while during summer there is a typically
a stronger increase in maximum temperatures for the sites in the
North.
4.2. Variability and long-term change in Tmin
In contrast to the long-term changes in extreme maximum tem-
peratures (Fig. 3), changes in extreme minimum temperatures across
the continent are judged statistically signiﬁcant not only for the year
but across all seasons and the range of AEP. The signiﬁcant increase in
minimum temperatures includes the lowest AEP. In other words, we no
longer experience the very lowest minimum temperatures that oc-
curred in the early part of the record and this is also apparent from the
example (Figure A.2, top left panel). This matches other studies such as
Dittus et al., 2014 who found that the annual number of frost days over
longer periods (e.g. 1940–2011) has been decreasing.
Extreme minimum temperatures are, on average, lower under El
Niño than under La Niña and the eﬀect of ENSO on extreme minimum
temperatures is typically (in 17 of the 20 cases) statistically signiﬁcant
(Fig. 9). When considering the Australian average, the magnitude of
the eﬀect of ENSO is almost without exception smaller than the long-
term change.
As discussed previously, the increase in extreme low minimum
temperatures is typically much stronger than in extreme high max-
imum temperatures. With regards to long-term changes we see
predominantly increases in extreme minimum temperatures. This
increase is particularly strong for northern Queensland (Fig. 10, top
panel). The eﬀect of ENSO on extreme minimum temperatures for
most of Australia is comparatively low (bottom panel). In some regions,
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Fig. 11. Diﬀerences in quantile estimates from an earlier to a later period for daily precipitation. Positive values indicate an increase from an erlier to a later period. Boxplots summarise
the results for four AEP (50%, 10%, 5% and 1%).
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the long-term increase in extreme Tmin could be partially oﬀset by a
strong El Niño event. The extremes in minimum temperatures exhibit
signiﬁcant increase across all seasons (and the calendar year) and
across all four AEP (Table 2 and Fig. 8). There is no discernable spatial
pattern to this increase, which may be related to the fact that minimum
temperatures are driven by microclimatic conditions (e.g. pooling of
cold air in a valley). The average magnitude of changes is largest for
summer.
El Niño conditions predominantly lead to lower night-time tem-
peratures in Australia because of typically drier conditions and the
increased radiative night-time cooling associated with a reduced cloud
cover. The magnitude of this diﬀerence is roughly half of the change
from the earlier to the later period across the range of AEP (Table 2). In
contrast to the other seasons, for summer (except for AEP 50%) there is
a signiﬁcant increase in extreme minimum temperatures for the rarer
AEP in El Niño years. Increases are widespread but without discernible
geographical pattern. A possible explanation for higher extreme low
minimum temperatures under El Niño conditions in summer is the
increased warming during the day: even under clear skies the radiative
cooling may not be suﬃciently strong to lead to very cold nights. The
eﬀect of ENSO is most apparent for the most extreme minimum
temperatures (AEP 1%) and can be observed over large parts of
Australia. Some locations show lower minimum temperatures, as
discussed above this may well be due to the exposure of a site.
4.3. Variability and long-term change in precipitation
In the context of ﬂood frequency analysis, Franks and Kuczera
(2002) stated: ‘Recent work has shown there exist persistent climate
modes that modulate regional climates over multiyear timescales
around the globe.’ Australia has experienced distinctly dry and wet
decades and given the level of variability no clear long-term change in
rainfall extremes emerges for the continent as a whole (Fig. 11). For the
year, there is a separation of geographical regions with predominantly
decreases in extreme daily precipitation in northern Queensland and
increases in NSW (Fig. 13). For winter (JJA), signiﬁcant long-term
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Fig. 12. As for Fig. 11 but showing the diﬀerence between El Niño and La Niña years. Negative values indicate lower quantile estimates under El Niño conditions.
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decreases are identiﬁed for AEP 50% and 10%. For spring on the other
hand a signiﬁcant increase is identiﬁed for AEP 50% (Fig. 14). Along
with insigniﬁcant decreases to extremes in autumn precipitation this
suggests a shift from autumn/winter to spring precipitation. The
largest increase is found for northern Queensland during JJA, during
the dry season. In line with these results, event attribution studies have
arrived at diﬀering conclusions on the role of climate change in relation
to long-term changes in Australian rainfall extremes (Christidis et al.,
2013; King et al., 2013b; Lewis and Karoly, 2014; Ummenhofer et al.,
2015).
In contrast to the fact that little evidence is found for a consistent
direction of change in daily rainfall extremes, there is strong evidence
for the eﬀect of ENSO on daily rainfall extremes (Fig. 12): In 16 out of
20 cases (80%) are the diﬀerences between El Niño and La Niña events
found to be statistically signiﬁcant. As expected, quantile estimates
under El Niño conditions are typically lower than under La Niña
conditions.
Hendon et al. (2011) state: ‘Although El Niño tends to peak in
austral summer, the impact of El Niño on Australian rainfall …,
especially in the monsoonal region in the north, weakens dramatically
from spring into summer …’. Based on our analysis, we can conﬁrm
that this statement also holds true for extreme daily precipitation: the
eﬀect of ENSO on daily rainfall extremes is particularly strong for
spring (SON) and aﬀects most of Australia for this season (Fig. 15).
However, for a region in the south of Australia (Victoria, parts of
South Australia and Tasmania) the rarest events might actually occur
under El Niño conditions. This is particularly apparent for autumn
(Fig. 16) but also notable in the analyses based on the ENSO year. For
Launceston (Tasmania) for instance, three of the top ten events
occurred under El Niño conditions. One of these was the record-
breaking event in late January 1995 that occurred during the 1994/
1995 El Niño (Bureau of Meteorology, 1995). Low-pressure systems
brought widespread heavy rain to Tasmania on the 28th and 29th of
January. The previous January record (39 mm in 1945) was exceeded
by 23 mm. Pepler et al. (2014) discuss how the relationship between
Fig. 13. Diﬀerences in AEP50% estimates for daily rainfall. Top: long-term change; red
shades indicate increase. Bottom: Eﬀect of ENSO; red (blue) shades indicate higher
(lower) quantile estimates under El Niño.
Fig. 14. Diﬀerences in AEP 50% estimates for El Niño and La Niña conditions for daily
rainfall. Red (blue) shades indicate increase from earlier to a later period. Top: winter,
Bottom: spring.
Fig. 15. Diﬀerences in AEP 50% estimates for El Niño and La Niña conditions for daily
rainfall during spring. Red (blue) shades indicate higher (lower) precipitation under El
Niño conditions.
Fig. 16. Diﬀerences in AEP 1% estimates for El Niño and La Niña conditions for daily
rainfall during spring. Red (blue) shades indicate higher (lower) precipitation under El
Niño conditions.
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major drivers of climate variability (including ENSO) and winter/
spring rainfall is very weak for the Eastern Seaboard. In addition, El
Niño years are associated with easterly wind anomalies. These easterly
winds can enhance rainfalls east of the Great Dividing Range, a
mountain range stretching along the entire east coast of Australia .
5. Discussion and conclusions
We have demonstrated that extremes in temperature and rainfall
are modulated by climate change and climate variability ( Fig. 17). We
have illustrated the nature of these changes with examples, have
assessed the signiﬁcance of these changes and discussed long-term
changes and variability in seasonal and regional context. Finally, we
have developed ﬁgures and tables to illustrate and summarise these
changes to aid in communicating these results in an accessible form.
Changes in (lowest) minimum temperature across all four seasons
and the year are statistically signiﬁcant at all four AEP (as indicated by
values in bold font in Table 2). As we showed, there are also regional
diﬀerences in extreme maximum temperatures that do not show in the
national averages.
Signiﬁcant changes in extreme maximum temperatures were found
in 11 out of 20 cases, mostly for the more frequent events (AEP 50%).
While there is a signiﬁcant increase in extreme maximum tempera-
tures, changes are less apparent than for extremes in minimum
temperatures. Note that this statement applies only to the magnitude
of extreme high maximum temperature, additional analyses would
Fig. 17. Diﬀerences in quantile estimates for Tmax (left), Tmin (centre) and Precipitation (right). Top row: from an earlier to a later period and bottom row: for the eﬀect of ENSO.
Positive values indicate an increase from an erlier to a later period and higher values under El Niño. The boxplots summarise the results for four AEP (50%, 10%, 5% and 1%). A pale
yellow background indicates the average quantile diﬀerence is signiﬁcantly diﬀerent from zero.
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have to be undertaken to assess statistics such as changes in the runs of
days above a threshold as relevant for heatwaves. The increase in the
lowest minimum temperature extremes typically exceeds the increase
in the extremes of maximum temperature. Signiﬁcant long-term
increases in the highest maximum temperatures are typically found
for winter and spring. For summer and autumn one needs to take into
account the marked regional nature of changes in high maximum
temperatures: while sites located in the north of the continent (with
wet summer or summer dominated regimes or arid conditions) exhibit
a predominant decrease in extreme Tmax, sites further south (with
uniform or winter rainfall regimes) typically exhibit an increase in
extreme Tmax for these seasons. Obviously, increasing temperature
extremes at the hottest time of the year will be felt more keenly.
In only three out of 20 cases (seasonal and annual changes for AEP
50%, 10%, 5% and 1%) are long-term changes of daily precipitation
extremes found to be statistically signiﬁcant. This is consistent with
work by others (Gallant et al., 2007; Westra et al., 2012 and King et al.,
2013b). On the other hand, diﬀerences in temperature and rainfall
extremes related to ENSO are statistically signiﬁcant in just over 80%
of cases (as indicated by values in bold font in Table 2). The eﬀect of
ENSO on temperature and precipitation extremes is similar to the
eﬀect on average conditions (Min et al., 2013; King et al., 2014; Perkins
et al., 2015): an increase in extreme maximum temperatures under El
Niño accompanied by a decrease in extreme minimum temperatures
and decreased extreme daily precipitation. The eﬀect of ENSO on
temperature extremes is associated with the decreased cloud cover and
soil moisture during El Niño events.
Across the year as a whole, the eﬀect of ENSO on extreme high
maximum temperature is typically stronger than the observed long-
term change. This is mainly due to higher extreme Tmax under El Niño
conditions for locations in the eastern parts of Australia. The eﬀect of
ENSO on high maximum temperatures is especially strong for spring
and in southern parts of Australia. The increase in lowest minimum
temperatures from the earlier to the later period is roughly twice as
large as the eﬀect of ENSO. In contrast to the other seasons, for
summer El Niño leads to signiﬁcantly increased Tmin for the rarer
AEP. The eﬀect of ENSO is particularly strong for spring (SON) and
aﬀects most parts of Australia for this season.
Given that ENSO is the dominant driver of Australian climate, our
analyses focus on the eﬀects of ENSO on temperature and rainfall
extremes. Because these eﬀects can be strongly modulated by IOD
phase, we also brieﬂy summarise our results of this climate driver and
highlight similarities and diﬀerences with the eﬀects of ENSO on
temperature and rainfall extremes. We used the classiﬁcation by
Meyers et al. (2007), which has been extended by Ummenhofer et al.
(2011). As for ENSO, the eﬀect of IOD is described by assessing the
diﬀerence between extremes occurring under a positive and negative
phase. The eﬀects of an IOD event are most notable during winter and
spring, and this is found to hold for the extremes of Tmax/Tmin and
daily rainfall. Extreme maximum temperatures for winter and spring
during the IOD positive phase are higher than for the IOD negative
phase. This pattern resembles the anomalies observed for ENSO,
although the anomalies for spring are not as strong. In the same vein,
we found increased extreme minimum temperatures for the summer
months (as for ENSO) and typically a decrease for winter and autumn.
During spring, the IOD positive phase is associated with a signiﬁcant
decrease in rainfall extremes (apart from the most extreme events
considered here at AEP 1%). For the winter season, signiﬁcant
anomalies are limited to the most frequent events (AEP 50%).
To provide context, we compared the changes in extreme maximum
and minimum temperatures for Australia to average global tempera-
ture changes based on the Global Historical Climate Network-Monthly
(GHCN-M version 3.3.0, https://www.ncdc.noaa.gov/cag/time-series/
global/globe/land_ocean/ytd/12/1880-2016.csv). The increase in
average global land temperature anomalies from the earlier to the
later period ΔT is 0.355 °C where
T T T∆ = (1960 − 2009)− (1910 − 1959)a a (5)
In Table 3 we indicate where changes in extreme Tmax/Tmin
exceed this threshold. While quantile estimates for Tmin exceed this
threshold in all cases, for Tmax this threshold is only exceeded in 6
cases (30%) during winter and spring. This apparent asymmetry
matches ﬁndings in the literature (Easterling, 1999) and is consistent
with a reduction in the diurnal temperature range (Lewis and Karoly,
2013). Our analyses (not shown) into the relationship between cloud
cover and seasonal maximum and minimum temperatures points to a
stronger association between cloud cover and Tmax than Tmin. This
conﬁrms the ﬁndings by Dai et al. (1999) that the asymmetry in
changes in Tmax and Tmin are partially due to a dampening eﬀect of
Table 3
Comparison of changes in quantile estimates of Tmax and Tmin to changes in average
global land temperature anomalies. Where changes in quantile estimates exceed the
difference in average global land surface temperature anomalies, values are shown in
bold.
TMAX TMIN
AEP 50% 10% 5% 1% AEP 50% 10% 5% 1%
LT Change
DJF 0.22 0.08 0.03 −0.08 0.72 0.86 0.94 1.19
MAM 0.25 0.12 0.01 −0.25 0.79 0.78 0.74 0.6
JJA 0.31 0.5 0.59 0.86 0.57 0.52 0.49 0.43
SON 0.27 0.52 0.66 0.97 0.55 0.62 0.69 0.86
YEAR 0.29 0.23 0.17 0 0.58 0.54 0.52 0.49
Table 4
Differences in quantile estimates for Tmax from an earlier to a later period (‘LT Change’) and between El Niño and La Niña years (‘ENSO’). A Wilcoxon test was applied to check the
significance of differences. Where the average difference is statistically significantly different from zero at the 5% level, this is marked using bold font. Differences are shown for (a) all
sites, (b) sites in the North and (c) sites in the South.
Australia North South
AEP50% 10% 5% 1% AEP50% 10% 5% 1% AEP50% 10% 5% 1%
LT Change
DJF 0.22 0.08 0.03 −0.08 −0.18 −0.28 −0.28 −0.21 0.47 0.31 0.21 −0.01
MAM 0.25 0.12 0.01 −0.25 −0.11 −0.52 −0.71 −1.16 0.47 0.50 0.45 0.30
JJA 0.31 0.50 0.59 0.86 0.38 0.50 0.55 0.66 0.26 0.49 0.62 0.99
SON 0.27 0.52 0.66 0.97 0.19 0.36 0.46 0.71 0.32 0.62 0.78 1.14
ENSO
DJF 0.93 0.41 0.22 −0.16 1.25 0.95 0.90 0.90 0.73 0.07 −0.19 −0.81
MAM −0.24 −0.45 −0.53 −0.66 0.00 −0.41 −0.56 −0.82 −0.38 −0.48 −0.51 −0.57
JJA 0.36 0.43 0.49 0.69 −0.47 0.14 0.60 2.15 0.86 0.62 0.42 −0.20
SON 1.48 1.42 1.39 1.28 1.18 1.16 1.12 0.97 1.67 1.58 1.55 1.47
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daytime cloud cover on increases in Tmax. Our analyses of time series
indicate that other factors – like the state of ENSO – also need to be
considered. It is likely that the asymmetry in long-term changes in
extreme Tmax and Tmin is partially attributable to eﬀects of urbanisa-
tion. However, the strength – and even the sign – of this eﬀect will vary
with location (especially local exposure) and season.
We conclude that in assessing the likelihood of climate hazards, one
needs to consider the modulation of climate extremes due to both long-
term change and climate variability. Both eﬀects need to be considered but
the relative importance of their eﬀect depends on the variable or index.
Data availability
The daily temperature and rainfall data used in the analyses can be
downloaded free of charge from the Australian Bureau of Meteorology's
webpages. The maximum and minimum temperatures are available at
http://www.bom.gov.au/climate/change/acorn-sat/
#tabs=ACORN‐SAT. The daily rainfall data are available at http://
www.bom.gov.au/climate/data/index.shtml.
Appendix A
A. Examples to highlight typical changes
The following three examples are provided to support the information
presented in the main part of the paper and in keeping with our
motivation – to synthesise and visualise our results and to contrast
changes related to variability and long-term change on the one hand and
temperature and precipitation on the other. For each of high maximum
temperatures, low minimum temperatures and daily precipitation we are
Fig. A.1. Example Darwin. The left column shows long-term change, the column on the right shows variability associated with the state of ENSO. Top: Time series of annual maxima
Middle: ranked series Bottom: ﬁtted distributions. Note that the most extreme Tmax is rarer than AEP 1% and is therefore not shown in the bottom row.
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presenting an example from a diﬀerent location to highlight typical
changes. The location of the three sites used is shown in Fig. 2.
A.1 Darwin
Results for Darwin are used to illustrate the observed changes in
extreme high maximum temperature (Figure A.1) and in particular, that
the temperature for an AEP of 10% has in fact increased by almost a
degree. In the top left panel we are showing the series of annual maxima
as they occurred over time. In the panel below (centre left), the series of
annual maxima was sorted in increasing order. In the bottom panel we
are showing two (stationary) GEV, ﬁtted to an earlier period (1910–
1959) and a later period (1960–2010) respectively, together with the
annual maxima (blue dots). The top 5 annual maxima occurred in the
later period and the GEV is shifted from the earlier to the later period:
quantile estimates for a given AEP are higher for the later period, or in
other words, extreme high maximum temperatures have become more
frequent.
The panel on the right illustrates the eﬀect of ENSO on extreme
maximum temperatures. This assessment is based on the 24 El Niño
and 24 La Niña years listed in Table B.2. Five of the top ten annual
maxima have been observed in El Niño years while only two of the top
ten occurred under La Niña conditions. Under El Niño conditions,
there is a higher probability of observing extreme high Tmax and this is
also apparent from the GEV shown in the bottom right panel. Finally, it
is worth noting that the two eﬀects – long-term change and variability
due to ENSO – need to be carefully teased apart: the three highest
Tmax on record were observed during El Niño years in the later period.
Fig. A.2. Example for Gayndah. The left column shows long-term change, the column on the right shows variability associated with the state of ENSO. Top: Time series of annual
minima of minimum temperature. Middle: Ranked series. Bottom: ﬁtted distributions.
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A.2 Gayndah
We are using the example of Gayndah to illustrate typical behaviour
in long-term changes and variability related to ENSO for extreme low
minimum temperatures (Figure A.2). The top-left panel shows on
average higher extreme Tmin for the later 50-year period. This long-
term change is also apparent in the diﬀerent quantile estimates derived
for an AEP 10% (as indicated by the arrows in the bottom-left panel of
Figure A.2) – the estimate for the later period is almost 2 °C higher
than for the earlier period.
At this location, the lowest minimum temperatures typically occur
under El Niño conditions (top-right panel). The diﬀerence in AEP 10%
estimates between El Niño and La Niña conditions is even more
pronounced than the long-term trend (arrows in bottom-right panel).
Most of the very low minimum temperatures that occurred under El Niño
conditions occurred in the earlier part of the record (top-right panel). This
implies that one needs to consider both aspects of long-term change and
variability in the analysis of extreme minimum temperatures.
A.3 Bathurst
In the analysis of rainfall extremes, it is very important to consider
the eﬀects of climate variability. This is illustrated using the example of
Bathurst (Figure A.3).
While the change in extreme daily precipitation from the earlier to later
period iss mall (bottom left), quantile estimates under La Niña conditions
are higher than under El Niño conditions (bottom right). However, not all
of the largest rainfall events actually occur under La Niña conditions (top
right panel) but such events are less common under El Niño conditions.
See Appendix Figs. A.1–A.3.
Fig. A.3. Example for Bathurst. The left column shows long-term change, the column on the right shows variability associated with the state of ENSO. Top: Time series of annual
maxima of daily rainfall totals, Middle: ranked series, Bottom: ﬁtted distributions.
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Appendix B
See Appendix Tables B.1–B.3.
Table B.1
Weather stations used in the analyses. The last column refers to the rainfall climate. ‘S’ indicates ‘Summer’ (wet summer or summer dominated regime), ‘A’ indicates ‘Arid’ conditions
and’U’ indicates ‘Uniform’ (uniform or winter dominated regime).
Station name Number Latitude (°S) Longitude (°E) Elevation (m) Start year Group
Halls Creek 2012 18.23 127.66 422 1910 S
Broome Airport 3003 17.95 122.24 7 1910 S
Marble Bar 4106 21.18 119.75 182 1910 A
Carnarvon 6011 24.89 113.67 4 1910 A
Geraldton 8051 28.8 114.7 33 1910 U
Perth 9021 31.93 115.98 15 1910 U
Bridgetown 9510 33.96 116.14 150 1910 U
Cape Leeuwin 9518 34.37 115.14 13 1910 U
Albany 9741 34.94 117.8 68 1910 U
Esperance 9789 33.83 121.89 25 1910 U
Katanning 10579 33.69 117.56 310 1910 U
Wandering 10917 32.67 116.67 275 1910 U
Kalgoorlie-Boulder 12038 30.78 121.45 365 1910 A
Darwin 14015 12.42 130.89 30 1910 S
Tennant Creek 15135 19.64 134.18 376 1910 A
Alice Springs 15590 23.8 133.89 546 1910 A
Marree 17031 29.65 138.06 50 1910 A
Port Lincoln 18192 34.6 135.88 9 1910 U
Snowtown 21133 33.77 138.22 109 1910 U
Adelaide 23090 34.92 138.62 48 1910 U
Mount Gambier 26021 37.75 140.77 63 1910 U
Robe 26026 37.16 139.76 3 1910 U
Palmerville 28004 16 144.08 204 1910 S
Normanton 29063 17.69 141.07 18 1910 S
Burketown 29077 17.75 139.54 6 1910 S
Richmond (Qld) 30045 20.73 143.14 211 1910 S
Georgetown 30124 18.3 143.53 302 1910 S
Cairns 31011 16.87 145.75 2 1910 S
Mackay 33119 21.12 149.22 30 1910 S
Charters Towers 34084 20.05 146.27 290 1910 S
Longreach 36031 23.44 144.28 192 1910 S
Boulia 38003 22.91 139.9 162 1910 A
Gayndah 39066 25.62 151.62 111 1910 S
Bundaberg 39128 24.91 152.32 31 1910 S
Cape Moreton 40043 27.03 153.47 100 1910 S
Miles 42112 26.66 150.18 305 1910 S
Charleville 44021 26.41 146.26 302 1910 S
Tibooburra 46037 29.43 142.01 183 1910 A
Cobar 48027 31.48 145.83 260 1910 U
Bourke 48245 30.04 145.95 107 1910 S
Walgett 52088 30.04 148.12 133 1910 S
Inverell 56242 29.78 151.11 582 1910 S
Yamba 58012 29.43 153.36 27 1910 S
Port Macquarie 60139 31.43 152.87 4 1910 S
Bathurst 63005 33.43 149.56 713 1910 U
Sydney 66062 33.86 151.21 39 1910 U
Moruya Heads 69018 35.91 150.15 17 1910 U
Wagga Wagga 72150 35.16 147.46 212 1910 U
Deniliquin 74258 35.56 144.95 94 1910 U
Mildura 76031 34.24 142.09 50 1910 U
Nhill 78015 36.31 141.65 139 1910 U
Gabo Island 84016 37.57 149.92 15 1910 U
Wilsons Promontory 85096 39.13 146.42 95 1910 U
Melbourne Regional Oﬃce 86071 37.81 144.97 31 1910 U
Cape Otway Lighthouse 90015 38.86 143.51 82 1910 U
Low Head 91293 41.05 146.79 3 1910 U
Launceston Airport 91311 41.55 147.21 167 1910 U
Larapuna (Eddystone Point) 92045 40.99 148.35 20 1910 U
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